Abstract. Coastal zones are influenced by oceanic, atmospheric, and continental forces, which make them highly vulnerable to climate and anthropogenic changes. The Paraíba do Sul River (PSR) Estuary (Brazil), is especially affected by intensive industrial, urban, and rural activities, along its catchment area. Few works, though, have been done concerning the impacts of these changes. Remote sensing is, thus, an important and unique tool to assess the past scenes for a temporal analysis. The present work aimed to analyze spatial-temporal trends of the PSR plume from 1985 to 2009, using Landsat 5 TM images. Two spectral classification methods were used to map the river plume: maximum likelihood and spectral linear mixture analysis (SLMA). The images corresponded to the months of greatest river discharge, totalizing 11 cloud-free images. Geographical, radiometric, and atmospheric corrections were applied to the five spectral bands used for the classification. Both methods showed good results, however the SLMA provided more information of the water constituent's distribution. The sediment river plume and inner shelf phytoplankton dominated waters showed a negative trend associated with a diminishing of the river discharge. Further works concern in situ validation of the classifications, biooptical modeling, and more investigations of climate and anthropogenic changes on the PSR.
and Alves 8 reported a significant decrease of the PSR discharge during the past decades, associated mainly with the land use impacts rather than climate change. Effects of changes in the hydrological regime and water quality of the PSR have been less studied in its estuary and coastal zone. Understand these processes and changes through time, are important to point out the main stressors and their impacts, in order to offer subsidies for management authorities to implement adaptive actions for sustainable use. 9, 10 Satellite imagery offers a synoptic view of the environment and is a very useful data source to study environmental and land use changes. Landsat 5 TM has provided images since 1985 and is still in operation, offering a long time series. The sensor has 30 m of nominal spatial resolution, which gives good details for medium scale areas, and 6 spectral bands located in the visible and infrared region that may be applied for mapping coastal and inland waters. [11] [12] [13] [14] Coastal areas, especially with the presence of river runoff, are characterized by complex waters due to the mixture of optically active substances (OAS), such as inorganic sediments, organic colored dissolved substances, and photosynthetic pigments. 15 To separate water types with the dominant constituents in these optically complex systems, is not a trivial task. Some spectral classification methods have been proposed to map waters in continental and coastal systems using satellite imagery. Thomas and Weatherbee 16 and Lihan et al. 17 proposed a classification method of the river plume and coastal waters based on the maximum likelihood (ML) method, with good results for a temporal analysis. The method is simple and based essentially on a visual inspection of each image to empirically collect reference training polygons for the water classes. This, though, may be a very subjective and laborious procedure, since every image has to be checked for new training polygons due to spatiotemporal spectral variations. Another method that may be applied to map river plumes and OAS in optically complex systems is based on the spectral linear mixture analysis (SLMA). [18] [19] [20] The SLMA requires the use of "pure" end-members as a spectral reference for each OAS, and maps the fractional abundance of the OAS present in the scene. The end-members may be obtained by selection techniques that are less subjective, and with the use of different images, to construct mean standard spectral references that can be afterwards applied to a series of images for a temporal analysis. 20, 21 Nevertheless, this method also has some limitations, as variations in the quality of the water components are challenges to the end-member selection, and nonlinear spectral responses can induce errors in the analysis.
The present work aims to analyze the temporal evolution of the PSR plume and adjacent coastal waters, from 1985 to 2009, using Landsat 5 TM images with the application of two spectral mapping methods: the ML and SLMA. Advantages and limitations of each method are discussed and results of the mapped plume area are compared to in situ data of the river discharge.
Material and Methods

Site Location and Description
The PSR is located in the southeast of Brazil, passing through three states: São Paulo, Minas Gerais, and Rio de Janeiro, were it finally drains off into the Atlantic Ocean (21  o 36 S  and 41 o 05 W) (Fig. 1) . The catchment area is approximately 57,000 km 2 and the river has 1180 km of length, considered medium size. 7 The southeast is a very important economic region of Brazil, and along the PSR there are many human activities, such as urban habitations, industries, agriculture, sand exploitation, and hydroelectric reservoirs. All these contribute to different degrees of impacts to the PSR hydrologic regime and water quality. 8 The lowest river discharge is during the dry austral winter season (June to September) and can reach a minimal of 180 m 3 s −1 near the estuary mouth. The highest is during the rainy summer season (November to March), with a maximum of 4400 m 3 s −1 (Ref. 22) . 
Satellite Data
Besides the long term availability of images, since 1984, the 30 m spatial resolution of Landsat TM images is also better applied for water quality analysis of medium size rivers. 11, 12 Level 2 preprocessed images of the Landsat 5 TM, covering the PSR estuary and adjacent ocean, were obtained from the Brazilian's National Institute for Space Research (INPE) database. The five spectral bands of the visible and near-medium infrared were used for the analysis (Table 1) . Initially, both dry and wet seasons were analyzed for each year; however, images acquired during the dry period did not show a well formed plume of the river. This way, only one image representing the month with the greatest river discharge of each year was chosen (January, February, or March). Images were selected based on discharge tables and cloud-free criteria. In total, 11 images were used: 02 
Image Preprocessing
Registration
The images were registered using a georeferenced image base acquired from the GeoCover Landsat TM dataset. Eleven points of control were used for the registration and the nearest neighbor technique for interpolation. This method was chosen in order to preserve original digital values of the image. The highest root mean square error (RMSE) was of 0.37 pixel (of 30 × 30 m), using a second degree polynomial. 
Radiometric calibration
Each band was calibrated using rescaling factors, converting digital numbers to radiance, and afterwards to top-of-atmosphere (TOA) reflectance. Among the parameters used for the radiometric calibration were: minimum and maximum values of radiance, for each band, the sun elevation angle, and solar distance in astronomical units. 23 Theses conversions are important to standardize the data in the scene and in between bands.
Atmospheric correction
One of the most critical steps for water quality analysis is the atmospheric correction, since the water signals are very low and small errors may lead to high uncertainties in the water quality retrieval. 24 This is especially challenging in coastal areas because of the presence of complex continental aerosols and waters with suspended inorganic sediments (SIS) and high concentrations of chlorophyll. [25] [26] [27] These last ones may have reflectance signals in the infrared bands, which are mostly used by correction algorithms as null baselines for water reflectance. The black pixel assumption, widely used for atmospheric correction, assumes that the water highly absorbs in the infrared, and scattering contribution should be only from atmospheric aerosols. This, though, may not be true for waters with SIS and high concentrations of chlorophyll, especially for the near-infrared (NIR) bands. 26, 27 In the present work, the 6S radiative transfer model was used to correct the atmospheric interference and calculate the water's superficial reflectance. 28 Input data contained, besides the TOA reflectance, satellite, sensor and band information, and date, hour, and geographical information of the scene. The tropical atmospheric and marine aerosol models were used to fit environmental conditions of the area. The visibility parameter used to retrieve the aerosol optical thickness (AOT) was estimated using the darkest pixel assumption, with the B1 blue band, 29 and two infrared bands, in the NIR and short wave infrared (B4 and B5), through an iterative process. The first value assumed was 40 km of visibility (clear sky), which was readjusted until a threshold of 1% to 10% reflectance for B1, 29 and 0% for the NIR and SWIR, at the darkest offshore areas, was achieved. The use of the SWIR band to estimate the AOT was used to minimize the influence of the SIS and high chlorophyll in the reflectance of the water surface. 26, 27 2.3.5 Land-water and cloud mask A mask was applied for the land, clouds, and shadow present in the scene in order to classify only the water body. Land and water were previously separated using the SWIR B5 band. Water has a very low reflectance in this spectral region, even in the presence of suspended material, in contrast to the land, which has mainly a high reflectance. In this manner, reflectance values lower than 10% were primarily classified as water. Afterwards a raster edition was made using a 543 (RGB) false color composition, considered to be good for land-water separation using Landsat TM. 30 Clouds were classified as a mask using a high reflectance threshold in all bands and a raster edition was made to incorporate the shadows in the mask. Stripes present in the Landsat TM images were not removed through filtering techniques, in order to preserve the original reflectance values. 
Spectral Mapping and Classification
ML
The ML (Ref. 31 ) is a statistical classifier that uses resemblance of statistical properties, such as mean and variance, to calculate the probability of an element to be part of a class. This classification is called supervised because there is a direct interaction with the one who chooses the training pixels or polygons as a spectral reference to represent each class. Based on the spectral statistical properties of the chosen reference, the pixels of the scene will be grouped in the classes. The result is a classified image and rule images of each class.
The first procedure for the ML method is to define the classes intended to be separated, and select the training pixels or polygons in each image. The water classes used in this work were defined according to Thomas and Weatherbee, 16 Lihan et al., 17 and after a visual inspection of the scenes. The classes were: 1. Plume core: located immediately off the river mouth, with the highest reflectance values, especially in the longer wavelengths; 2. Plume and inner shelf waters: mixed waters at the plume boundaries, with intermediate reflectance values; 3. Other inner shelf waters: characterized by coastal waters far from the river mouth, with high reflectance values in shorter wavelengths; and 4. Offshore waters: characterized by clear ocean waters at the offshore areas, with low reflectance values at all wavelengths. 16, 17 The training polygons were selected on the areas directly influenced by these four water types using a true color image composite (321), and analyzing the spectral signals of each water type. The number of training polygons used for each class in each image is given in Table 2 . They varied according to the size of the classes and their spectral variability (e.g., the plume and inner shelf waters class had a high spectral variability, so more training polygons were necessary to represent this class).
Classifications were evaluated according to the spectral separability between classes, based on Jeffries-Matsushita distance, 17 and a validation scheme based on a visual interpretation of the scene, since there were no available ground truth data. Independent validation polygons, with a regular distribution, were systematically collected in each scene, and classified according to the visual interpretation with a true color composite (321). Afterwards, a stratified random sampling of pixels in each polygon was collected for the validation of the ML classifications, with the confusion matrix. The percentage of accuracy and kappa coefficient were used to analyze the performance of each classification. 32 
SLMA
The SLMA (Ref. 33 ) is a spectral mapping method in which the main objective is to determine the fractional abundance of the elements present in the scene. These elements are represented by end-members that have unique spectral properties. The basic concept is that each pixel in the scene is a linear mixture combination of the elements, which results in a specific spectral response, according to the fractional abundance of each end-member. The algorithm can be expressed by the following formula:
Where R pi is the water remote sensing reflectance at a pixel p and band i; f j is the fractional abundance of the j'th end-member; r ij is the reflectance of the j'th end-member in the i'th band, and is the calculated error. The sum of the fractions at each pixel must be 1, or at least close to. The results are images of the mapped fractional abundance of each element present in the scene. The critical part of the SLMA is to collect end-members that represent pure elements present in the scene. This is especially difficult for optically complex waters that have different OAS simultaneously mixed in the water column. 19 Two methods for extracting end-members were tested. The first was visually selecting pixels in the scene that represent each water type, and using the mean spectra as the end-member. The second was using the minimum noise fraction (MNF) transformation, which is a spectral data reduction technique 34 similar to a principal components analysis. Each new band gathers one type of information based on the variance of the reflectance values. The original bands are highly correlated, so it is more difficult to separate information based on each band. The MNF technique may therefore allow to better separate the information and choose more pure pixels related to each component. 34 The first band separated the river plume, the second inner shelf waters, the third offshore clear ocean waters, and the fourth and fifth wore only noise. The bands were visualized in an n-dimensional visualizer attribute space, 35 where the end-members associated with the water types were collected. Their reflectance spectra were also examined to confirm the water type identification. The second method had better results than the first, with less RMSE and fraction values closer to the 0 to 1 interval. Fraction values out of this range may be caused by less pure end-members. 20 Hence, the second method was chosen to follow the classification analysis.
Images of different dates were used for the end-member selection in order to gather more spectral information due to the temporal variability of water components. 20 This procedure allowed the construction of a spectral library with a mean standard spectrum for each endmember that could, afterwards, be applied for all images.
The end-members were representative of: 1. River sediment plume; 2. Other inner shelf waters; and 3. Offshore waters. The plume and inner shelf waters mixed zone was not chosen as an end-member because the SMLA supposes end-members as "purely spectrally unique" and each pixel is already a mixture of the elements. The SLMA was applied using the same spectral library for all images to map the fractional abundance of each water type. The results were evaluated with the fractional interval and RMSE.
Classification comparison
In order to compare the methods, the SLMA results were converted into classification maps, with classes separated by intervals of the fractional abundance of each water type: 1. high abundance: 0.66 to 1.00; 2. medium abundance: 0.33 to 0.66; and 3. lower abundance: 0.10 to 0.33. The SLMA and ML classes were visually compared and advantages and limitations of each method were discussed.
Temporal Analysis
Temporal analyses were done comparing the classified area of the river sediment plume and inner shelf waters, with the PSR discharge. Areas with the presence of clouds were grouped in and at the same dates of the acquired images. Spearman correlation analyses were made to evaluate the dependence in between the classes and the river discharge. Linear regression analysis was used to detect temporal trends of the classes and river discharge, and associate with possible changes in the PSR hydrological regime and water quality.
Results and Discussion
Spectral Mapping and Classifications
The visibility estimated for the atmospheric correction ranged from 23 km (clear sky) to 5 km (hazy), corresponding to 0.23 to 0.78 AOT ( Table 3) .
The mean and standard deviation reflectance values of the ML classes for all images, and the SMLA end-members, without and with the radiometric and atmospheric correction are given in Fig. 2 and Tables 4 and 5 .
The mean reflectance of the raw digital numbers (DNs), without radiometric and atmospheric correction [Figs. 2(a) and 2(c)], had higher values especially in the shorter wavelengths, and much higher standard deviations among the classes. The higher values in the blue spectral region are caused by the Rayleigh scattering of the atmospheric molecules, which has an exponential increase toward shorter wavelengths. This spectral region is the most affected by the atmosphere; notwithstanding, it is also the most important region for the retrieval of the water components. Phytoplankton and dissolved and particulate organic matter have their highest absorption features in the blue and ultraviolet spectral region. 15 This is mainly why the radiometric and atmospheric corrections are a crucial step for water quality analysis of remote sensing data. 25 Besides that, the water reflectance is very low and slight variations on the spectra, caused by sensor radiometric limitations and atmospheric interference, may lead to high errors in the estimation of the water components and classification of water types. 24 A great challenge of the atmospheric correction of coastal areas is the presence of SIS that limits the use of the black pixel assumption to estimate the AOT especially with the NIR bands. In the present work, the combined use of the NIR and SWIR bands to estimate the AOT minimized the effect of the SIS reflectance. In most images the sediment river plume still showed considerably high values of reflectance in the NIR band, while at the SWIR B5 band the reflectance values of the water, over the entire scene, were lower and more homogeneous. No negative values were retrieved for the blue bands which indicate that there were no overestimations of AOT due to the SIS influence. 27 The radiometric and atmospheric corrections presented more realistic spectral signatures of the water types, with better defined spectra [Figs. 2(b) and 2(d)] and lower SD (Tables 4 and 5 ). This step was essential for the multitemporal image analysis and the application of the same end-members for all images in the SMLA.
There were some small variations of the mean reflectance spectra of the ML training polygons among the images, mainly on the magnitude rather than the shape of the spectra. Magnitude oscillations may be caused by different concentrations of the OAS, while spectral slope variations are more associated to quality differences of the water components. 15 However, the main source of spectral variations in between the scenes was due to the spatial distribution of the water types. Almost on every image the training polygons had to be relocated to adjust to the new distribution. Spatial and temporal variations of the water reflectance in coastal areas can be caused by a number of factors including storms, seasonal cycles, magnitude and direction of wind stress, currents, bathymetry, discharge strength, and dispersion angle of river plumes, among others. 36 These stretchers cause several internal and external processes which are responsible to induce, in terms of quality and quantity, large variations of OAS in the water surface. Nevertheless, in the present study, all images were from the same season, presenting similar dominant oceanographic and meteorological conditions. Thus, even with relatively high spatial variations, the spectral variations of the water types were not very meaningful, allowing the application of a single mean spectral reference for each end-member on the SLMA.
The ML classes had similar mean spectra as the SLMA end-members [Figs. 2(b) and 2(d)]. The SLMA end-members had slightly more extreme values, because they should represent "pure pixels" of each class. The river plume had a reflectance spectrum likely characterized by the dominance of SIS. There is an increasing reflectance from the blue (B1) to the red (B3) band, and still a considerable high reflectance at the NIR band (B4). The reflectance is generally very low in the infrared, due to high water absorption in this spectral range. However, in the presence of high concentrations of inorganic sediments, the reflectance signal can be higher in the NIR and even SWIR bands. 15, 37, 38 The "other inner shelf waters" class was likely characterized by the dominance of phytoplankton, with higher reflectance in the green band (B2), and lower in the chlorophyll a absorption bands (B1 and B3). The "plume and inner shelf waters" class was likely characterized by a mixture of the sediment plume and phytoplankton dominated coastal waters, with higher reflectance in the green, and secondary in the red band. "Offshore waters" was likely characterized by clear ocean waters with low reflectance values over all the spectra, because of the low concentrations of OAS. The blue band (B1) has a slightly higher reflectance due to the Rayleigh scattering of the water molecules. 15 Similar spectral curves characterizing these water types in coastal areas were also found by Froidefond et al. 39 and Lihan et al. 17 All classes had high degrees of separability in the ML classification, following the JeffriesMatsushita distance, with values from 1.96 to 2.0 (maximum). The classes that were least separated were offshore waters and other inner shelf waters, followed by other inner shelf waters and plume and inner shelf waters. The best separation was between "sediment plume core" and offshore waters. In the validation analysis all ML classifications had a very good overall accuracy and kappa coefficient, ranging from 0.79 for the 2004 classified image, to 0.94 for 1997 (Table 6 ). The highest confusion was in between the plume and inner shelf waters mixed zone and the other inner shelf waters. Indeed, some areas that were far from the river influence had very similar spectral responses as the plume mixed zone. This may be because of the presence of other small rivers and sand resuspension at the surf zone areas along the coast. The SLMA in general showed a good coherency with the ML classifications. The mapped fractions had some negative and over 1 values, but generally all water types showed a reasonable fit. The "sediment plume" fraction had the closest values to the 0 to 1 interval, and the other inner shelf waters had the worst fit. The minimum and maximum values of the fractions, for all images, ranged from: −0.12 to 1.40 for the sediment plume; −1.61 to 2.20 for other inner shelf waters; and −1.22 to 2.49 for offshore waters. Values representative of less than 10 pixels where not considered in the analysis, since they were found to be from spurious pixels and not representative of the overall result. Fractions out of the 0 to 1 range mean that the algorithm overestimated some elements, while underestimated others. These errors may happen when the selected end-members are not really representative of pure elements. Indeed the worst fit was for the other inner shelf waters, which has the highest mixture of OAS. The difficulty in extracting pure elements from an image scene of optically complex waters is discussed by Novo and Shimabukuro. 18 The water components do not occur isolated in the environment and there is always a mixture of them in the water column. The course spatial resolution of the area sampled by the orbital sensor also contributes to a greater mixture of the OAS in each pixel. Besides the difficulties in separating pure elements in the scene, the low water reflectance, especially when there are low concentrations of OAS, make their classification even more difficult. Small variations in the water constituents and contributions from external sources such as the atmosphere, water surface agitation, presence of bubbles, and whitecaps, can introduce errors that are especially significant in areas with very low reflectance values. 40 This is probably why the offshore waters also had higher uncertainties compared to the sediment plume, despite being the water type which should have the least mixture of OAS.
The fractional abundance of each end-member had a coherency distribution with the water types in the scene. The sediment plume fraction (f plume ) [ Fig. 3(a) ] had higher values at the river mouth, and delineated well the plume core and dispersion zone. The inner shelf water fraction (f inner ) [ Fig. 3(b) ], dominated by phytoplankton, had higher values closer to the coast and decreasing toward the open ocean. High values of this fraction were also encountered at the plume dispersion zone, demonstrating also a high contribution of the phytoplankton in the area influenced by the river plume. The offshore fraction (f offshore ) [ Fig. 3(c) ] of ocean clear waters was higher over the offshore area, as expected.
The RMSE gives information of the accuracy of the model by the rms difference of the model estimated reflectance with the "true" reflectance values of each pixel. The highest RMSE of all images was of 0.041, with the greatest uncertainties associated with the mixed zone of the plume dispersion and inner shelf waters [ Fig. 3(d) ]. The mixed zone is truly the most difficult to model, with the highest mixture of the OAS. Besides the complex of the mixture, waters with high SIS concentration tend to have higher uncertainty in its estimation due to the spectral dominance of the SIS over the other OAS. The high reflectance of the SIS is very good for its own retrieval, however masks the presence of the other OAS, with lower spectral signatures. 20, 21 Visually comparing the true color composite (321) with the classification results, both methods seemed to map well the water types. However, some differences can be observed between the classifications (Figs. 4-6 ). In general, the advantages of the ML classification were that, since every image had to be carefully inspected, in some cases the plume dispersion area was noticeably composed not only of dominated SIS waters, but also of phytoplankton dominated waters, with a very dark greenish color. In these cases this water type was grouped in the plume and inner shelf waters mixed class, as it was clearly part of the plume dispersion. While, in the SMLA, since each constituent is mapped separately, it was not possible to group different constituents in the same class to characterize a specific phenomenon. On the other hand, the SMLA allowed to map the fractional abundance of each constituent, which gave more information of their distribution in the scene. Besides this, with the SMLA result, it is possible to analyze the spectral variability of the scene, associated with the quality and quantity of the OAS. This information is not given by the ML method. 16, 17 However, there were also some limitations in the SLMA classification. High values of the coastal water fraction were found in the sediment plume area because of the misbalanced factional abundance. This may have been caused by nonlinear spectral behavior between the OAS, due especially to the spectral dominance of the SIS and the use of non pure end-members. 21 The presence of haze may also introduce some overestimation of phytoplankton dominated waters. 21 This was observed in some images were some offshore areas near the presence of clouds were classified as low abundant inner shelf waters [e.g., Figs. 4(c) and 4(k) ].
In general, both the ML and SLMA showed a coherency mapping between the classifications and in comparison to the true-color composite image. Further investigations may be performed to compare the results with ground truth data, also to confirm the reliability and accuracy of the classifications. Each classification method has its own advantages and limitations. For a multitemporal approach, the SLMA method however seemed to offer a better analysis tool of the spectral variability among the scenes, besides being a more practical and less subjective technique for the application on a long time series. Nevertheless, the results should be analyzed with care as some uncertainties have also been pointed out.
Temporal Analysis
The monthly mean river discharge of the PSR estuary from 1985 to 2008 is shown in Fig. 7 . There is a clear seasonal cycle of the river discharge marked by dry austral winter and rainy summer seasons. Highlighted values correspond to the months of the available images with greatest river discharge (Fig. 7) .
One can observe a slight tendency of decrease in the river discharge during this period (Fig. 7) . Marengo and Alves 8 analyzed a longer time series of the PSR discharge along all the catchment area, from 1920 to 2004. They detected a significant decrease of the river discharge in many points, especially after 1955, which was not correlated to the rainfall regime or possible climate changes. The authors discussed that the observed changes in the PSR hydrologic regime were strongly related to anthropogenic activities, especially due to hydroelectric reservoirs constructed along the river, and the industrial and agriculture demand. In the present study we also analyzed some pluviometric data at the same station of the river discharge (not shown), and no tendency was detected. This may be an indicative confirming the previous study, that indeed there could be a decreasing trend in the PSR discharge, which may be more related to land use changes rather than rainfall regimes or climate changes.
The river sediment plume area, mapped by both methods, had a high correlation with the river discharge: 0.95 (p < 0.05) for the ML and 0.94 (p < 0.05) for the SLMA. The correlation in between the two methods was of 0.95 (p < 0.05), confirming the high coherency between the classifications. Figure 8 shows how the sediment plume area, of the two classifications, varied closely with the river discharge.
There can also be observed a negative tendency of the river sediment plume through the period analyzed (Fig. 8) . The greatest mapped plume area was in 1985 with 183 km 2 . The river Lorenzzetti et al. 41 also investigated possible decreases of the sediment supply carried out by the São Francisco River plume, in northeast Brazil, with Landsat TM images, and found indicatives of a decrease in the sediment supply. They discussed causes related to the presence of hydroelectric reservoirs, which are known to retain the sediments along the river course. The PSR catchment area has several dam constructions which may have an important role in the impacts observed of the diminishing PSR discharge and sediment plume. Many worldwide researches have shown such impacts, and even others, related to the presence of dams in the river catchment area. 5, 6, 10, 42 The loss of river discharge and sediment supply can cause much damage to the coastal environment, such as lower biological productivity, coastal erosion, and intrusion of salty water to the estuaries. 1 Another important aspect to be considered on the dynamic equilibrium of the coastal region is the presence of mangrove ecosystems. Mangroves have been identified in literature as key ecosystems for sediment retention and other types of environmental services such as biogeochemical barriers for some pollutants (e.g., metals) and providers of habitat and organic matter for the coastal food chain. Notwithstanding, the mangrove located in the estuarine portion of the PSR has suffered great changes, with a loss of 20% of the mangrove vegetation from 1976 to 2001, i.e., a deforestation rate of approximately 7.5 ha · y −1 (Ref. 43) . One of the causes of this deforestation pointed out by Bernini et al. 43 is the misbalanced sediment supply of the PSR due to dam construction, sand exploitation, and others. Changes in the sediment supply have caused higher variability in the PSR estuary coastline, with accumulation and erosion processes that disrupts the settlement of mangrove trees. The possible decrease tendency in the sediment plume shown in the present work may corroborate to the previous studies that already show effects of this decrease on the mangrove ecosystems.
The river plume not only carries out suspended inorganic sediments to the coast, but also nutrients and organic loads. These too have important roles in the coastal ecosystem, and may affect a much larger area, as they have lower sinking rates and can travel much farther from the river sediment plume boundary. 1 Souza et al. 22 studied the distance that the PSR plume can achieve offshore, by radioactive tracers. They encountered a distance of the river influence up to 32 km from the coast in the east direction during the rainy season. The approach determined diffusion coefficients of ∼30 km 2 · d −1 during the dry season (August, 2007) and 67 km 2 · d −1 for the wet season (March, 2008). The river plume can reach 16 km in 10 days during the dry period, while during the wet season reaches that same distance in 6 days at a speed ranging from 1.6 to 2.6 km · d −1 . The instantaneous flux at this time of the year was 330 m 3 · s −1 and 780 m 3 · s −1 , for dry and wet seasons, respectively. The greatest distance that the sediment plume achieved, measured by satellite in the present study, was of 14 km in the year of greatest discharge (1985) . The influence of the PSR in the coast may therefore be much beyond the sediment plume boundary, and achieve a much greater area for other parameters, such as the phytoplankton distribution. In this manner, we analyzed the correlation between a phytoplankton dominated Fig. 9 River discharge values on the image acquisition dates; total area of the high abundance inner shelf waters, mapped by the SLMA, and linear tendency of the class.
inner shelf water class, derived from SMLA, and the river discharge, in order to evaluate the river influence on the coastal phytoplankton biomass. The correlation coefficient was 0.80 (p < 0.05), which is very high for a medium size river. The inner shelf water class also showed a negative tendency over the years (Fig. 9) , indicating a possible decay of the river influence to the coastal phytoplankton biomass, due to the lower discharge.
The observations presented here certainly need more investigations with ground truth data to confirm the possible hypotheses. However, they reinforce earlier studies denoting a decrease of the PSR discharge due to land use changes over the past decades, and point out some possible effects in the PSR estuary, with a decrease of the river sediment plume and coastal phytoplankton biomass.
Final Considerations
Image classification techniques have been widely applied for land use mapping, but much less for aquatic systems. In this work, two methods used for this last proposal were compared in a tropical estuary: the ML and SLMA. Both classifications showed good results within primarily analysis. The SLMA, though, showed some advantages with more information of the spectral variability and distribution of the water constituents. This is very relevant for the analysis of river plume dispersion and areas of transition between water types. 19 Another advantage of the SLMA is that once the spectral library of the end-members is constructed, the classification is easily applied for all the time-series using only one standard reference. With the ML method, the training polygons had to be relocated on each image due to spatiotemporal variations in the water surface reflectance and cloud interference. This procedure is more time consuming and may carry some uncertainties in the spectral variations analyzed. One can argue that the water constituents may vary in their quality, and this way, different spectral references must also be used for spatiotemporal analysis. 17 This is true for a more detailed analysis of variations in the water quality. However, to analyze general changes, a fixed standard reference for each OAS may be considered more adequate, when spectral variations are not so high.
For future studies, the mapped fractions of the SLMA may also be associated with in situ measurements of the OAS, providing empirical models to estimate OAS's concentrations. The SLMA method should be applied with care as there are also some uncertainties associated with the assumptions that are not truly found in natural environments. Nonlinear relations of the spectral behavior between the OAS and difficulties in extracting pure elements from an image scene are still challenges in the SLMA, especially for optically complex waters. 21 More investigations of adequate procedures to obtain standard spectrums and to diminish spectral nonlinearity effects are required for this analysis.
Both the river sediment plume and phytoplankton dominated inner shelf waters had a coherency oscillation with the PSR discharge, and demonstrated a decrease tendency in the period analyzed of 1985 to 2009. These are important indicatives of temporal changes in the hydrologic regime and water quality of the PSR estuary and coastal area, with decrease of the sediment supply and phytoplankton dominated waters, as a consequence of the lower outflow. Such effects may be related to land use changes in the PSR catchment area, especially with the presence of hydroelectric reservoirs.
The present work contributes with analysis of spectral mapping methods applied to the surface waters of the PSR estuary and coastal waters. The methods of relatively simple application were efficient to map the water types and demonstrate the spatial-temporal trend of the system, showing important indicatives of possible changes through the period analyzed. Further works concern in situ validation of the classifications, bio-optical modeling of the water components, and more research on environmental and anthropogenic changes in the PSR. These studies should collaborate with management adaptive strategies for the sustainable use of the PSR. The method presented in this work may also be applied for other small and medium size rivers along the Brazilian coast, to study their temporal evolution and contribution to the coastal and oceanic adjacent systems. The contribution of these rivers has been systematically neglected by researches on regional and global biogeochemical cycles, but they do have an important role that should be considered. The delineation of the river plumes along the Brazilian coast, and quantification of their inputs to the adjacent continental shelf, may be an important step to understand their relative importance for the Southwest Atlantic Ocean.
